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Abstract
In this work, artificial neural network (ANN) model is developed for prediction of surface roughness (SR) in wire-cut electrical
discharge machining (WEDM) of Inconel 825 aerospace alloy.  Four process parameters viz., pulse on time (Ton), pulse off time
(Toff), peak current (Ip) and servo voltage (SV) are investigated using Box Behnken experimental design.Parametric variation
shows that improved SR can be obtained at low levels of Ton and SV. A multi-layer feed forward ANN architecture 4-16-1
working on gradient descent back propagation algorithm isfound optimum and is statistically validated by conducting hypothesis
tests. The developed model predicted with average 6.38% error and model accuracy is recorded as 93.62%. ANOVA showed that
Ton is the most significant factor affecting SR with 76.12% contribution; followed by SV and Toff respectively with 7.18% and
5.3% contributions. The predictive capability of the developed ANN model is found encouraging and can be effectively used for
predicting SR in WEDM of Inconel 825.
© 2015 The Authors.Published by Elsevier Ltd.
Peer-review under responsibility of the organizing committee of RAEREST 2016.
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1. Introduction
Artificial intelligence approaches or soft computing-based methods are becoming popular over conventional
approaches for modelling and optimization of manufacturing processes. Soft computing based prediction models are
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popularly used by the researchers to study the input–out relationship having not much to do with the physics of the
process. They do not require complex mathematical equations to be established and hence exploit the imprecision
involved in defining the machining process unlike in hard computing techniques. Artificial neural network (ANN)
evolved from human neural system, is one of the popular soft computingtechniqueused for developing predictive
models. It is capable for acquiring, storing and utilizing the knowledge gained from experimental data set to describe
the nonlinear and interaction effects with great success.
Nomenclature
ANN artificial neural network
SR surface roughness
NN neural network
WEDM wire-cut electrical discharge machining
RSM response surface methodology
ANFIS adaptive neuro-fuzzy inference system
DASR depth average surface roughness
EWR electrode wear rate
WLT recast layer thickness
ANOVA analysis of variance
CLA center line average
Ton pulse on time
Toff pulse off time
Ip peak current
SV servo voltage
IL input layer
OL output layer
HL hidden layer
mse mean squared error
R correlation coefficient
In the area of machining, ANN have been used for the prediction of surface roughness (SR), waviness, cutting
speed, tool life, cutting forces, dimensional deviation, etc. Tarng et al. [1] developed a neural network (NN) system
to determine settings of pulse duration, pulse interval, peak current, open circuit voltage, servo reference voltage,
electric capacitance and wire speed for the estimation of cutting speed and surface finish. Spedding and Wang [2]
attempted to model the wire cut electrical discharge machining (WEDM) process using response surface
methodology (RSM) and ANN for prediction of cutting speed, surface finish and waviness and found that the model
accuracy of both was better. Risboodet al.[3] developed a NN model for prediction ofSR for dry and wet turning of
mild steels using carbide and high speed steel tools. They used 18 experimental dataset for training the network and
8 dataset for testing. Caydas et al. [4] developed an adaptive neuro-fuzzy inference system (ANFIS) for modelling
the SR in WEDM process.
Inconel and titanium based alloys, having high hardness, high temperature resistance and high strength to weight
ratio are found more in automotive, aerospace and medical applications. Conventional machining processes have
limited scope in machining these alloys due to higher cutting forces, highly strain hardened and toughened chip and
excessive tool wear. Hence, non-conventional machining processes are used as an alternative to machine advanced
materials to obtain the desired surface quality. Rajyalakshmi and Ramaiah[5] conducted experiments on Inconel 825
using WEDM process with seven input parameters and three responses. Grey–Taguchi method was applied and
found suitable for optimization of WEDM process in machining Inconel 825 with multiple performance
characteristics. Huan et al. [6] studied the effect of process parameters on SR in WEDM of Cr12 alloy steel with
brass wire. Neeraj et al. [7] had done their experiments on WEDM on HSLA 100 as workpiece. They had
considered pulse on time (Ton), pulse off time (Toff), peak current (Ip) and servo voltage (SV) as input characteristics
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and material removal rate (MRR) and SR taken as output responses. In their study, it was found that most significant
factor for MRR are Ton, Toff, SV, Ipusing RSM modelling. Kuppan et al. [8] conducted experiments on deep-hole
drilling of Inconel 718 taking copper tube as electrode. Current, Ton, duty factor and rotational speed were taken as
input parameters whereas MRR and depth average surface roughness (DASR) were considered as output
parameters. In another investigation by UlasCaydas and AhmetHascalik [9], it was found that Ip had significant
influence on electrode wear rate (EWR) and recast layer thickness (WLT) while the effect of Toff observed
insignificant.
The novelty of the present work is the application of ANN as prediction model in WEDM of Inconel 825 and use
new approach of ANN validation in addition to confirmation tests. The developed ANN model is statistically
validated by conducting representative hypothesis tests on means and variance. Also, analysis of variance (ANOVA)
is carried to ascertain the significant and insignificant process parameters. Further, parametric study of SR with
process variables is performed to supplement the result of ANOVA.
2. Experimental work
In this work, WEDM experiments were conducted on Inconel 825. Zinc coated brass wire is used as tool
material. Four process parameters viz., Ton, Toff, Ip and SV are considered to investigate SR of the work piece. The
relationship between independent and dependent variables is studied to find the optimal parameter setting. The
effect of these parameters on response is also analysed. Experimental data for modelling and process study are
obtained by conducting WEDM experiments on Inconel 825 components. The levels parameter and their values
considered in the study are given in Table 1.
Table 1.Input parameters and their levels
Sr.  No. Factor Parameter Symbol Units Level 1 Level 2 Level 3
1 A Pulse on Time Ton µs 108 112 116
2 B Pulse off Time Toff µs 48 54 60
3 C Peak Current Ip A 200 210 220
4 D Servo Voltage SV V 15 20 25
Fig. 1 shows the schematic arrangement and experimental set up of WEDM process of Inconel 825. The
machining experiments were carried out on ELECTRONICA Sprint cut 734 CNC Wire cut machine. The table
movements are servo controlled for an accuracy of 1 m. During WEDM process, high frequency pulse of
alternating or direct current is discharged from wire to the work piece with a very small spark gapand removes
material. The dielectric fluid (water) is used to flush out the debris. Numerical control is used for precise control of
the motions during cutting. The machining experiments are performed with different combinations of cutting
conditions employing L27Box Behnken experimental design. After conducting experiments the workpiece was cut
into pieces and the obtained SR was measured.
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(a) Schematic arrangement                                                        (b) Experimental set up
Fig. 1 WEDM process on Inconel 825
The center line average (CLA) value of SR in m was measured using Taylor Hobson-Form Talysurf 50. SR of
the entire profile is read directly using inbuilt software. The experimental values of SR along with factor settings are
given in Table 2. The values obtained are in the range of 1.42 to 2.61 m.
Table 2 Experimental results
Expt.
No.
Factors in coded form Actual parameter values Surface
roughness ( m)A B C D Ton( s) Toff( s) Ip (A) SV(V)
1 2 1 1 2 112 48 210 25 1.69$
2 2 1 2 1 112 48 210 15 1.72
3 3 2 1 2 116 54 200 20 2.52
4 1 2 1 2 108 54 200 20 1.68
5 2 2 1 3 112 54 200 25 1.72$
6 1 1 2 2 108 48 210 20 1.56
7 2 1 3 2 112 48 220 20 1.70
8 2 2 2 2 112 54 210 20 2.04
9 2 2 3 3 112 54 220 25 1.87$
10 2 2 3 1 112 54 220 15 2.24
11 3 2 3 2 116 54 220 20 2.80
12 3 3 2 2 116 60 210 20 2.37
13 3 1 2 2 116 48 210 20 2.40
14 2 1 1 2 112 48 200 20 1.94$
15 1 3 2 2 108 60 210 20 1.44
16 2 3 2 3 112 60 210 25 1.72
17 3 2 2 1 116 54 210 15 2.36
18 2 3 3 2 112 60 220 20 2.06
19 2 2 2 2 112 54 210 20 2.09
20 1 2 2 3 108 54 210 25 1.34
21 3 2 2 3 116 54 210 25 2.43
22 1 2 3 2 108 54 220 20 1.54
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23 1 2 2 1 108 54 210 15 1.39
24 2 3 1 2 112 60 200 20 2.12
25 2 2 2 2 112 54 210 20 2.21
26 2 3 2 1 112 60 210 15 1.99
27 2 2 1 1 112 54 200 15 2.39$
$Data sets used for NN testing; Rest used for NN training
3. Development of ANN prediction model
The ANN model learns input-output relationship of a given system without knowing the physics involved in the
process and hence it is often referred as black box model. In the present work, the model predicts SR as a function of
four input parameters viz., Ton, Toff, Ip and SV. The network architecture is comprised of an input layer (IL) with four
neurons corresponding to four independent process variables, a hidden layer (HL) with multiple neurons and an
output layer (OL) with one neuron corresponding single response variable.  The network is trained with 22 data
pairs selected randomly while it is tested with 5 randomly selected data pairs. A feed forward back propagation
algorithm based on gradient descent (traingd) method is used to train the network. The weights are updated
iteratively until the mean squared error (mse) between the network output and target values is converged to pre-
defined minimum error goal. The logsig (log sigmoid) and purelin (linear) activation functions are applied to map
input & out variables in HL and OL respectively. Fig. 2 shows the network architecture used.
Fig. 2 Multi layer feed forward NN architecture
The input vector containing experimental dataset is transmitted through the connections to each of the neurons
in the HL by multiplying with associated weight . The neuron’s output calculated based on summation function
and activation function is given to the next neuron or directly to the environment. Mathematical representation of
output ( ) of single neuron is given by Eq. 1.
    (1)
Where, is the linear or non linear activation function, is the bias and is the number of inputs (dataset). The
net input is calculated using summation function whereas the activation function transforms the net weighted input
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to the corresponding output. After being processed, output is passed on to the next succeeding neuron or directly to
the environment as network output   and expressed as given in Eq. 2. Finally, network output is compared with
target data presented and error is calculated as the difference between network output and target as per the Eq. 3.
Error is reduced to lie within acceptable limits using different training algorithms and by changing network training
parameters.
   (2)
Where, is the linear or non linear transfer function of OL neuron, is the bias, is individual neuron output
as given by Eq. 1, is the associated weight and is the number of neurons in the HL.
    (3)
Where, is the network error, is the network target and network output value obtained by Eq. 2.
Combining Eq. 1 and 2, output of NN model having one HL can be expressed as given in Eq. 4.
      (4)
In the present work, ANN architecture 4-16-1 with logsig and purelin activation function for HL and OL
respectively, was found optimum. The NN output for a given data set can be represented as in Eq. 5.
      (5)
Where, is the purelin activation function used in OL and is the logsig activation function employed in
HL. The transformation of weighted input into respective output as per purelin and logsig transfer functions is
governed by Eq. 6 and Eq. 7.
       (6)
       (7)
Where, and are output of purelin and logsigactivation functions respectively; is the weighted input. The
network parameters used during ANN training are given below.
• Maximum number of iterations to train = 25000
• Maximum time to train in seconds: Infinite
• Performance goal = 1e-18
• Learning rate= 0.01
• Minimum performance gradient= 1e-10
4. Results and Discussion
The ANN prediction model having (4-16-1) architecture is found optimum in the present work. The converged
network is used to predict SR values for the entire data sets and compared with experimental values. Correlation
coefficient (R) is the measure of how closely the network outputs match with the target values and is used as
network performance indicator. The converged network exhibited close correlation for experimental data sets with R
value of 0.9745. The mse is considered as the performance function for network training. The learning behaviour of
the converged network in terms variation of mse is given Fig. 3. It was observed that mse decreased with increase in
iterations and reached minimum value at the end of training at 25000 epochs. The mse on the training data is
recorded as 0.0028. Fig. 4 shows comparison of ANN prediction result with experimental values during network
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training.
Fig. 3Learning behaviour of the converged network
Fig. 4Comparison of ANN prediction during network training
4.1 Confirmation test of ANN model
Predictive performance of ANN model is tested using randomly selected experimental dataset not used in
training process and prediction accuracy is determined. The validation of trained network is performed with five
randomly selected unseen dataset and the result is given in Table 3. The ANN prediction was compared with
experimental values and showed average percentage error as 6.38% and prediction accuracy is recorded as 93.62%.
The minimum and maximum error recorded during network confirmation test is 0.07% and 17.75% respectively.
The maximum error in NN prediction being less than 20%, as per the available literature [10], the predictive
capability of the developed NN surface roughness prediction model is found satisfactory.
Table 3 Confirmation test result of ANN model
Sr.
No.
Input data sets Surface roughness, Ra( m) % age
error
Prediction
accuracy (%)Ton Toff Ip SV Experimental ANN
1 112 48 210 25 1.69 1.99 17.75 82.25
2 112 54 200 25 1.72 1.67 2.96 97.04
3 112 54 220 25 1.87 1.80 3.48 96.52
4 112 48 200 20 1.94 1.94 0.07 99.93
5 112 54 210 20 2.21 2.04 7.64 92.36
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Units as mentioned earlier
4.2 Statistical validation of ANN model
The ANN as a computational model is statistically validated by conducting hypothesis tests. In the present study,
to ascertain the goodness of fit of the ANN in predicting SR values, representative hypothesis tests on means and
variance are conducted at 95 % confidence interval.The result of ANOVAis tabulated in Table 4.
Table 4 Statistical validation of ANN model
Sr. No. Hypothesis test conducted p-value Test statistic
1 t-test (means paired) 0.9871 > 0.05 t- statistic:  0.0163
2 F-test (variance) 0.8352 > 0.05 F- statistic: 0.9209
3 Bartlett’s test (variance) 0.8352 > 0.05 Bartlett’s statistic : 0.0433
The p-value greater than 0.05 for all the three tests statistically proves that, the representative null hypothesis on
means and variance cannot be rejected at 5% significance level. Further, it can be inferred that, there exists no
evidence to conclude that the ANN predicted and experimental values are significantly different. Hence, it can be
concluded that ANN as a prediction model has significant goodness of fit in predicting SR values in WEDM of
Inconel 825, considered in the present investigation.
4.3Parametric variation of surface roughness
The variation of SR in WEDM of Inconel 825 components with process parameters viz., Ton, Toff, Ipand SVis
studied using contour plots obtained with DESIGN EXPERT-9statistical software. The contour plots showing
variation of SR values for important process parameters are shown in Fig. 5. The variation of SR with Ton and
Toff(Fig. 5a) shows that SR increases with increase in Ton. This is due to higher melting and evaporation rate as Ton
increases that causes larger crater on the work piece which in turn results in increasedSR. Higher value of Ton
enhances the spark intensity and produces deeper and larger craters. The contour plot between Ton and SV with SR
(Fig. 5b) shows that improved surface finish is obtained at higher values of SV. It can be argued that the lower
values of SV lead to lower melting of material and hence deteriorate surface finish.
(a) SR versus Ton&Toff (b) SR versus Ton&SV
Fig. 5Contour plots of SR with process variables
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4.4 Analysis of Variance
Analysis of variance (ANOVA) technique is applied to find out the relative significance of each process
parameters in terms of percentage contribution (PC) on SR and the result is presented in Table 5. The ANOVA is
carried out at 95% confidence level i.e. at 5% level of significance. It is found that, Ton is the most significant factor
effecting SR with 76.15% contribution. With 7.18% and 5.3% contribution, the effect of SVand Toff on SR variation
is found comparatively less significant. The p-value for Ip being 0.6351>0.05, indicates that it is the least important
factor amongst the process variables considered in the present study.  Similarly, p-value for the most significant
factor Ton is found to be 0.0 followed by SV (p=0.0078) and Toff (p=0.022). The ANOVA result is in line with the
observations cited above under Section 4.3 and hence evidently justified. It is also agreeable with published work
[7].
Table 5 ANOVA result of surface roughness
Control factors DF SS MS F-ratio p-value PC
A: Pulse on time 2 2.9373 1.4686 68.3 0 76.15
B: Pulse off time 2 0.2046 0.1023 4.76 0.022 5.30
C: Peak current 2 0.0200 0.0100 0.47 0.6351 0.52
D: Servo voltage 2 0.2768 0.1384 6.44 0.0078 7.18
E: Error 18 0.3870 0.0215 10.85
Total 26 3.8575 100.00
SS: sum squared, PC: percentage contribution, MS: mean squared, DF: degrees of freedom
5. Conclusions
In the present work, SR modelling in WEDM of Inconel 825 using ANN is performed. The Ton, Toff, Ipand SVare
considered as input parameters. The developed NN model is validated by conducting hypothetical statistical
tests.The parametric variation of response variable is also discussed using contour plots. The following conclusions
aredrawn from the present research work.
The ANN modelling is found accurate in predicting SR during WEDM of Inconel 825 with 6.38% average error
during confirmation test and model accuracy is recorded as 93.62%. The average percentage error observed during
NN modelling is 3.10% while maximum and minimum error is recorded as17.75% and 0.05% respectively.The
experimental values of SR obtained are in the range of 1.42−2.61 m. Minimum SR is obtained with low Ton and
higher SV due to lower melting rate and formation of smaller craters. Ton is found highest influential factor on SR
with 76.12 PC; followed by SV (7.18 PC) and Toff (5.3 PC). The Ip found insignificant parameter affecting SR with
0.52 PC and can be neglected. ANN model exhibited significant goodness of fit in the present study as evident from
statistical hypothesis tests conducted at 5% significance level.
The developed SR predictive model using ANN technique is also useful for online prediction of SR and can be
further used to develop artificial intelligence based on-line learning system for optimizing cutting parameters in
WEDM of Inconel 825.
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